Abstract. Segmentation of Femur bone from X-ray images is an indispensable step in computer aided analysis of medical images and orthopaedic examinations. It is more complex than segmentation from CT and MR images, because some of the less dense related tissues are difficult to distinguish from the femur in X-ray images. We present a method based on Generative Adversarial Networks (GAN) to automatically extract the femurs from hip X-ray images. Specifically, we propose a Generative Adversarial Networks for Femur Segmentation to map hip image to femur image with nonlinear relationship and produce accurate segmentation results. In Generative Adversarial Networks for Femur Segmentation, we use the adaptive contours estimation algorithm and absolute deviations loss function to optimize neural networks. Experimental results show that our method is accurate, robust, and achieves an average dice similarity coefficient of 0.995.
Introduction
The first step in the surgical planning of musculoskeletal disease (MSDs) diagnosis, preoperative planning, and orthopaedic conditions is the analysis of femoral images. Femur segmentation from X-ray image of whole hip bone is the prerequisite condition for bone morphologic feature analysis.
Because of the high noise, low contrast, tissue overlapping with hip bones and the narrow gap between femur and acetabulum [1] , femur segmentation is a challenging task. In the previous works, segmentation error always occurs in joint regions [2] .
Classical natural image segmentation algorithms apply homogeneous features [2, 3] to segment object regions. Unfortunately, such features are appropriate to natural pictures but not satisfied by X-ray images. For example, Figure 1 is a sample X-ray image of hip joint. Region 1 and 2 in green box, region 3 and 4 in red box are with high homogeneity, while 2 and 4 belong to femur, 1 and 3 belong to hipbone. In this circumstance, color segmentation with threshold is ineffective for segmenting femur from the image. The red arrows show some blurring regions on the edge of proximal femur. To determine the accurate edge in blurring region is also challengeable. Most proposed segmentation methods are performed on CT and MRI images [4, 5, 6, 7, 8, 9, 10, 11] , rather than on X-ray images. Chen et al. [12] developed a model-based approach for automatically extracting femur contours from standard hip X-ray images. The method begins with detecting the positions of the femoral shaft, head and turning points, then a model femur contour is registered piecewise to the X-ray image according to the detected features. Finally, active contours with curvature constraints are applied to accurately identify the femur contours. 81.4% femur contours were successfully segmented from 172 X-ray images. Unfortunately, the proposed model-based method is not fit in fracture or odd femurs segmentation and is time consuming. Feng et al [13] presented an atlas-based approach for automatic femur segmentation in X-ray images, which deforms the aligned atlas to extract detailed femur contours. Test results show that the proposed algorithm is robust and accurate in segmenting femur contours. However, it is extremely difficult to segment femurs with major fractures, i.e., Behiels et al. [14] proposes an improved search procedure for Active Shape Model (ASM) to segment femur from X-ray Images. During the shape searching, shape model needs to change smoothly. But the method is sensitive to the morphological parameters (such as translation, rotation and scaling). Dong and Zheng [15] use a 3D statistical model for the femur bone contour extraction, but in their model the existence of occlusion would lead to a failure in extraction the contour around the femur neck area. Chav et al [16] proposed a prior shape segmentation method to extracted femur boundary. The method applies subspace to achieve segmentation of rectangular image, but the result of segmentation is not satisfactory. Ouertani et al. [1] improved hip joint segmentation by simultaneously solving a dual edge-detection problem, but the results differed between the recovered contours and the manual segmentations.
In recent years, deep learning has been widely used and often outperforms traditional methods in the field of medical image analysis because of its great modeling capacity, and ability of extraction features. In this paper, we propose an automatic approach for accurate segmentation of a hip X-ray image. More specifically, we improve the GAN for image-to-image translation [17] and propose Generative Adversarial Networks for Segmentation of Femurs. The proposed method is evaluated on real X-ray datasets. Experimental results demonstrate that our method can accurately segment femur from X-ray image, better than all the existing methods.
Proposed Generative Adversarial Networks
CNN has achieved superior performance on visual object recognition and image classification [18] . Because the aim of image semantic segmentation is to estimate a pixel belongs to femur or background, it can be considered as a dense image classification task. In view of this, we propose a fully convolutional network as the generator of GAN.
Generator
In original GAN, G generates images G(z) from a noise vector z, and D estimates the probability that an input image is real or synthetic. Contrary to original GAN, the proposed G in this paper maps an input hip image rather than a noise vector to segmentation results. In the research field of image semantic segmentation, a pixel-wise loss function is usually used to penalize the distance between the ground truth and the predicted probability map. In this paper, we define the lose function of G with pixel-wise lose function through L-1 distance.
(1) Where x i and y i stand for the input hip image and the corresponding ground-truth femur image respectively.
Discriminator
The discriminator D aims to distinguish the femur image generated by the generator from the ground truth. In this setting, the loss function of D is defined as:
Where x i and y i stand for the input hip image and the corresponding ground-truth femur image respectively. In practice, at the initial state of training procedure, the loss of RHS in L D always close to zero and this phenomenon will cause model collapse. To handle this problem, we add an empirical value to L D and the loss function of D can be rewritten as:
Where e is an empirical value. In this setting, we can observe that the RHS of (3) indicates that the loss in G will influence loss function of discriminator. To put it another way, when training D with redefined loss function in L D , this parameter in G will be updated. So, the loss function of G becomes: 12 log( ( , ( )) ) ( )
Where the first item on the RHS is the adversarial term and the second item is the reconstruction error. λ 1 and λ 2 are used to balance the loss.
Method
The proposed GAN framework is depicted in Figure 2 . In network setting, a hip image is fed into G to generate a probability map of femur with the same size as the input. Before sending image into G, we rescale each pixel value in grayscale image from [0, 255] to [0, 1], and each pixel value indicates the probability of a pixel belongs to femur or background. The discriminator takes the hip images with femur ground truth or with segmentation results to determine whether the input image is segmentation results or ground truth. Due to its excellent performance in medical image segmentation, we use U-Net [19] as the generator. Low-level features of the image, such as the edge, can be extracted from the shallow convolution layers. Skip connection [20] can transfer these low-level features to deconvolution layers and improve the accuracy of segmentation. To accelerate training process and make the neural network converge fast, batch normalization is employed after each convolution and deconvolution layer. The output of D is a feature map with the size of 30×30×1. To prevent overfitting and improve model generalization performance, we add Dropout [21] layer after each deconvolutional layer in G and set dropout keep probability as 0.75.
We optimize the GAN by using methods in [22] . It is effective to add an empirical value to the generator and discriminator loss function. In practical, we set the empirical value as 1e-12.
To balance GAN loss and L-1 loss, we use influencing factor, where the weight of L-1 loss and GAN loss are set as 100 and 1.0. The iterative training number is 300, the whole training takes 32 minutes of DGX-1v from Nvidia.
Experiments Datasets and Data Preprocessing
The hip image dataset includes 50 DICOM X-ray images collected from the Xi'an Honghui Hospital. Data Masking is done to remove the sensitive information about the patient. The DICOM images are with a size of 2,688 × 2,208 (width × height). In order to balance the network computation and retain sufficient image information, the DICOM images were converted into PNG format and the image size was changed. Each image is transformed into a square with 512×512 pixels by cutting and stitching strategy. For example, in Figure 3 , image b is a part of image a, while image c is the combination of images a and b. An example of the hip and femur image is given in Figure 4 . Each sample consists of a hip image and a femur image labeled manually. To augment the amount of data, we use the left-right flip for each image. 83 images are used for training and tested with the rest 17 images.
Qualitative Result
In order to observe the effect of the segmentation intuitively, we also compared the results of segmentation with the labeled results by orthopedic experts, as shown in Figure 5 . The resulting segmentation and ground truth are projected back to the original image. The green line delineates the contour of the manual labeling and red line delineate the contour of the output by generator. We can see that the red line and the green line have a high coincidence rate, even under the condition of the high noisy, vague boundaries between femur and pelvis, and different position of femur. Table 1 summarizes Dice coefficient, Hausdorff distance, sensitivity, specificity and precision measured in pixel for 17 different subjects.
Quantitative Result
Dice coefficient is a similarity measure related to the Jaccard index. The formula is defined as follows:
Where X stands for the femur pixel set of segmentation result from the output of G, and the Y indicates the femur pixel set of ground truth image.
The Hausdorff distance measures the dissimilarity of two shapes. As shown in (6):
Where sup and inf stands for the supremum and the infimum respectively, X and Y denote the contours set of the segmentation result and the ground truth respectively.
We also calculate the three evaluation criteria of image segmentation in this paper. the three criteria are calculated on the pixel level based on the segmented image and the ground truth image. TP stands for the pixel number of to correctly segmented femur. FN stands for the pixel number of that the femur is incorrectly segmented as background. FP stands for the pixel number of the 
Recall represents the ratio of the number of pixels belong to correctly segmented femur to the number of pixels in ground truth. Specificity represents the ratio of the number of pixels belong to correctly segmented background to the number of pixels belong to the whole segmented background. Precision represents the ratio of the number of pixels belong to correctly segmented femur to the number of pixels in the whole segmented femur. The average Dice coefficient reached 0.9956, and the average Hausdorff distance is 16.72, indicating a high similarity between femur segmentation results and ground true. The value of three indexes: Recall, Specificity and Precision are very high, proving that the method is robust and accurate. From the data in the table 1, we can conclude that our method has an impressive effect on the segmentation of the femur.
Summary
In this paper, we presented a new method to segment femur using the generative adversarial networks. Compared with other methods, in many adverse conditions, such as extraneous straight lines caused by the analogue imaging process, blurry boundary, femoral deformities, the proposed method can accurately segment femur image. After GAN network converges, G can perform the segmentation fast and robustly. Experimental results demonstrate that the proposed method can effectively segment femurs from raw hip bone images. The metric values of the results are satisfiable and comparable to the state-of-the-art performance.
We believe our approach is applicable to other segmentation problems of medical image which is the direction of our further research works.
